Rodent models are essential to translational research in health and disease.
Introduction
Acclimation procedure
The purpose of this procedure is to acclimate the animal to the restraining system as well as the noisy and confined environment inside the MRI scanner. Details of the acclimation procedure can be found in our previous publications (Dopfel and Zhang, 2018; Gao et al., 2017) . Briefly, EMLA cream (2.5% lidocaine and 2.5% prilocaine) was applied topically to the nose, jaw, and ear areas to relieve any discomfort associated with the restrainer 20 min prior to the procedure. The animal was then briefly anesthetized with 2-4% isoflurane and placed in a head restrainer, in which the teeth and nose were secured by a bite bar and a nose bar, respectively, and ears were secured by adjustable ear pads.
Forepaws and hindpaws were loosely taped to prevent the animal from accidental selfinjury. After that, the body was placed in a Plexiglas body holder with the shoulders secured by a pair of shoulder bars. The whole system allowed unrestricted respiration.
Isoflurane was discontinued after the setup. The restrainer was then fixed to a body holder.
After the animal woke up, the system was placed into a black opaque chamber where the prerecorded sound from various imaging sessions was played. The animal was acclimated for 7 days with an incremental exposure time up to 60 min (i.e. 15, 30, 45, 60, 60, 60 and 60 min from Day 1 to Day 7, respectively).
Data acquisition
Data were acquired on a 7T Bruker 70/30 BioSpec running ParaVision 6.0.1 (Bruker, Billerica, MA) at the High Field MRI Facility at the Pennsylvania State University.
Similar to the acclimation procedure, the animal was briefly anesthetized with 2-4% isoflurane and were placed in a head restrainer integrated with a birdcage head coil. The isoflurane was discontinued once the setup was finished. rsfMRI acquisition started when the animal was fully conscious (usually within 10-15 min). A single-shot gradient-echo echo-planar imaging (GE-EPI) sequence was used with the following parameters: repetition time (TR) = 1000 ms; echo time (TE ) = 15 ms; matrix size = 64 × 64; field of view (FOV) = 3.2 × 3.2 cm 2 ; slice number = 20; flip angle = 60°, 600, 900, or 1200 volumes per scan. A representative raw EPI image was shown in Fig. S1 . Anatomical images were also acquired with a rapid imaging with refocused echoes (RARE) sequence with the following parameters: TR = 1500 ms; TE = 8 ms; matrix size = 256 × 256; FOV = 3.2 × 3.2 cm 2 ; slice number = 20.
Data preprocessing
The preprocessing pipeline is outlined in Fig. 1 , which included 7 steps:
1. Volumes with excessive motion were discarded (i.e. scrubbing).
2. rsfMRI images were manually co-registered to an anatomical template with rigid-body transformation.
3. Co-registered images were corrected for head motion and motion parameters were recorded. 4. Non-neural artefacts were identified with independent component analysis (ICA).
Time courses of noise independent components (ICs) were recorded. 5. The motion-corrected images were spatially smoothed.
6. The spatially-smoothed images were softly cleaned by regressing out noise IC time courses, motion parameters and the signals from the white matter (WM) and cerebral spinal fluid (CSF).
7. The soft-cleaned images were temporally bandpass filtered. All the source codes used for preprocessing can be downloaded from the GitHub repository: https://github.com/liu-yikang/rat_rsfmri_preprocessing. Details of each step were described below.
Motion scrubbing and co-registration
First, motion was evaluated by calculating the relative framewise displacement (FD) of each rsfMRI volume (Power et al., 2012) . Specifically, the geometric transformation from each frame (i.e. 3D volume) to the first frame were evaluated by the built-in function imregtform in MATLAB (The Mathworks Inc., Natick, MA, USA) with six degrees of transformation considered (i.e. rigid-body transformation), including translations in the three orthogonal axes (translation distances for the frame i are denoted as xi, yi, and zi) and rotations around the three axes (rotation angles are denoted as αi, βi, and γi). Then FDi = | ∆xi | + | ∆yi | + | ∆zi | + r • (| ∆αi | + | ∆βi | + | ∆γi |), where r = 5 mm, which is approximately the distance measured from the cortex to the center of the rat head.
Frames with FD > 0.2 mm and their neighbor frames were discarded. The first 10 frames of each scan were also discarded to ensure steady state of magnetization. Scans with less than 90% of the total number of frames left were excluded from further analysis. This procedure and parameters used can effectively minimize motion artefacts as confirmed in our previous studies (Liu and Zhang, 2019; .
Next, the first frame of each rsfMRI scan was manually co-registered (i.e. aligned) to a T2-weighted anatomical template using an in-house software written in MATLAB. To ensure the quality of alignment, voxels at brain boundaries, ventricles, and WM in the anatomical template were displayed as landmarks on a graphical-user interface (Fig. S2 ).
After the coregistration of the first frame, the same geometric transformation was applied to the remaining frames.
Subsequently, head motions were corrected using SPM12
(http://www.fil.ion.ucl.ac.uk/spm/) with a dilated brain mask applied, in which each frame was co-registered to the first frame through a rigid-body transformation. Motion parameters were recorded for further use. The distribution of averaged FD across scans is displayed in Fig. 2 Figure 2. Distribution of averaged frame-wise displacement across scans.
ICA-based artefact identification
We used ICA to remove non-neural artefacts potentially related to motion, breathing, heartbeats, and/or scanner instability from spatially co-registered data. ICAbased artefact removal has been widely applied in human and rodent studies (Griffanti et al., 2015 Han et al., 2019; Salimi-Khorshidi et al., 2014; Smith et al., 2013) . It leverages the independency between spatial and/or temporal patterns of the neural and non-neural components to separate them. In this method, users can manually identify each IC as real signal or noise based on their spatial, temporal, and spectral features.
Standards of manually classifying ICs with these features for the HCP data were listed in Table 1 (Griffanti et al., 2017) .
Our specific procedure followed these guidelines, but was also adapted to the characteristics of rat data. We found one criterion not applicable to our rat data. In the HCP guideline, signal ICs tend to have a few large clusters, whereas noise ICs tend to have many small clusters. This did not always hold true in rat data due to the relative portion of the cortex versus sub-cortex. The human brain is dominantly composed of the cortex, which contributes to most clustered structures in signal ICs. In contrast, 2/3 volume of the rat brain is sub-cortex that includes numerous heterogeneous nuclei. Thus, neural components in rats may not always display large clusters. Therefore, we grouped the HCP criteria into three categories: not applicable; applicable; confident, as listed in Table 1 and used the following criterion to label noise/signal ICs: an IC was classified as a noise component if it had one or two "confident" features or had at least two of the 
Applicable

Distribution of power in frequency domain
Predominantly low frequency (at least one strong peak within 0.01 -0.1 Hz)
Predominantly high frequency, very low frequency, or pan frequency Applicable following three "applicable" features: 1) its spatial map is located predominately at white matters, ventricles, or brain boundaries; 2) its time course has sudden jumps and/or change of fluctuation pattern; 3) the frequency spectrum is flat or dominated by very low or high frequency.
Prior to ICA, we spatially smoothed each frame with a Gaussian kernel with full width at half maximum (FWHM) = 0.7 mm. The size of the kernel was determined empirically to reduce noise but still maintain the difference between neural and non-neural components. After that, spatial ICA was separately conducted on each scan using the GIFT ICA toolbox (Calhoun et al., 2009 ) with the number of ICs set at 50. Subsequently, we calculated the time courses of ICs by regressing their spatial maps against each frame.
We manually labeled ICs as signal or noise components for all scans of all animals based on the features of their spatial maps (z-scored, thresholded at z > 2), time courses, and spectra using the criterion mentioned above (Fig. 3) . Two representative noise ICs were demonstrated (Fig. 3) . 
Spatial smoothing, soft cleaning, and temporal filtering
After identifying noise ICs, the original motion-corrected but unsmoothed rsfMRI data were spatially smoothed with a Gaussian kernel (FWHM=1 mm). WM and CSF signals were calculated by averaging the signal of voxels in the WM or ventricles, respectively.
We "softly" removed the noise ICs obtained using the method proposed by , and regressed out six motion parameters obtained in motion correction as well as the WM/CSF signals from the rsfMRI data. In this method, only the unique parts of variance explained by the noise ICs were removed, whereas parts shared with the signal ICs were reserved. Briefly, first all ICA time courses and rsfMRI images were regressed by the corresponding motion parameters and WM/CSF signals, resulting in regressed ICA time courses (ICAm) and regressed images (Ym). Second, we regressed
ICAm against Ym to obtain the weight of unique contribution of each IC to the data: β = pinv(ICAm) • Ym. Third, we removed the unique contribution of the noise components from the data: Yclean = Ym -ICAm(noise) • β(noise).
Finally, the signal of each voxel in each rsfMRI scan was temporally filtered with a 4 th -order bandpass Butterworth filter (0.01 -0.1 Hz).
All raw and preprocessed data have been uploaded and can be freely downloaded from: https://nitrc.org/projects/rat_rsfmri. The folder structure of raw and preprocessed data is described in the Appendix.
Results
Region-based correlational analysis Fig. 4a shows the group-level pairwise FC between 90 regions of interest (ROIs)
covering the whole brain based on Swanson atlas (Swanson, 2004) . ROIs were organized and color coded by the brain systems, indicated by the bars next to the FC matrix. The group-level FC (in t value) was calculated by fitting a linear mixed model (subject variability modeled as the random effect) to the FC of individual scans (i.e. one-sample t tests on the random effect), which was quantified as Fisher Z-transformed Pearson correlation coefficient of the averaged rsfMRI signals between every two ROIs. To ensure the same degree of freedom of individual scans, each scan with 600 or 900 volumes was truncated into a 540-volume scan, and each scan with 1200 volumes was truncated into two 540-volume scans. This operation resulted in 181 scans for processing. The lower triangle shows entries (i.e. connections) with significant FC (p < 0.05, false discovery rate (FDR) corrected). Fig. 4b shows the group-level reproducibility of FC, calculated by the similarity of FC matrices in two randomly divided subgroups. The correlation of the corresponding off-diagonal entries between the two matrices was 0.937 (p ≈ 0, Fig. 4c ).
The reproducibility of FC at the individual level was quantified by the correlation of offdiagonal entries between the FC matrix of each individual animal and that of the whole group (excluding the tested animal). The averaged correlation value across animals was 0.639 ± 0.090 (mean ± std, p ≈ 0). Voxel-wise FC (in t value) was calculated in the same way. All other seed maps can be Figure 5. Representative seedmaps. By column, the seed regions are the visual cortex, primary motor cortex, and primary somatosensory cortex; retrosplenial cortex, insular cortex, and infralimbic cortex.
ICA analysis
In this section, we demonstrate functional networks revealed by ICA. Using the GIFT toolbox, we ran spatial group ICA on all preprocessed rsfMRI scans with the number of components set at 75. Fig. 6 shows the spatial patterns of all ICA components, thresholded at z > 7 (p < 0.00001).
We also demonstrate the connectivity architecture between ICA components. The FC between every two ICA components was determined by the Pearson correlation between their time courses for each rsfMRI scan (truncated in the same manner as described above). Group-level inference was determined using the same linear mixed model, resulting in a t value for each pair of ICA components, displayed in Fig. 6a . The lower triangle of the t matrix shows significant entries (i.e. between-component connections) thresholded at p < 0.05, FDR-corrected. Subsequently, all components were hierarchically clustered with the Ward's method (Murtagh and Legendre, 2014) using FC as the similarity. The dendrogram is shown in Fig. 7a (top) , where we cut off the dendrogram with an empirical threshold, which resulted into 4 modules.
An interesting observation is that one module (blue module, including the VIS, 
Effects of the ICA cleaning
Finally, we demonstrate the effects of ICA cleaning. Fig. 8 shows the effects of regressing out noise ICs on FC measurement. We compared FC in ICA-cleaned and uncleaned data (without soft regression of noise components). Fig. 8a shows ROI-wise FC in uncleaned data. Fig. 8b shows the FC distributions with and without ICA cleaning, demonstrating that ICA cleaning increased the significance level of FC (i.e. increased t values).
Figs. 8c and 8d show the ACB seedmaps without and with ICA cleaning, respectively. The anatomical definition on the same slices was juxtaposed for comparison.
It is clear that ICA cleaning was able to remove artifacts at the top brain boundary.
Regions showing prominent FC in both seedmaps were spatially more specific in relation to the anatomical structure after ICA cleaning. 
Discussion
Neuroscience and psychiatric research have been substantially facilitated by open neuroimaging datasets (Poldrack and Gorgolewski, 2017; Thompson et al., 2014; Van Essen et al., 2013 There has been growing interest in studying brain function and organization in awake rodents using rsfMRI, which avoids interference of anesthesia and permits correlation to behavioral data (Bergmann et al., 2016; Brydges et al., 2013; Chang et al., 2016; Liang et al., 2011; Stenroos et al., 2018; Yoshida et al., 2016) . One major challenge of awake rodent fMRI is to control motion and stress during data acquisition. We addressed the issue in three aspects: first, we used a 3D-printed head restraint system to limit animals' head motion; second, we adopted a 7-day acclimation routine prior to imaging, which has been shown to significantly reduce stress during image acquisition (King et al., 2005) ; third, we used stringent data preprocessing including scrubbing volumes with excessive motion, regressing out motion parameters, WM/CSF signals, and non-neural artefacts using ICA cleaning.
Our data demonstrate high inter-subject reproducibility in whole-brain FC matrices both at the group level and the individual level. We showcase inter-regional functional connectivity and functional networks calculated from the database, including the motor, visual, somatosensory, and auditory networks. In our library we include seed maps from all individual anatomical ROIs. Taken together, the database shared should provide a resource for comprehensively studying circuit-and network-level function and organization in awake rodents. As more datasets of rodent rsfMRI, potentially collected in separate animal models of brain disorders or under different physiological conditions, become available, these data can be integrated for further investigations of circuit-and network-level changes in these rodent models.
Folder structure of the database Fig. 9 shows the folder structure of the database. Data of each subject are placed in a single folder named 'rat' followed by the subject index 'xxx'. In each folder, raw data, unprocessed rsfMRI scans, preprocessed scans, and intermediate files from the preprocessing are separately placed in the folders named 'raw', 'rfmri_unprocessed', 'rfmri_processed', and 'rfmri_intermediate', respectively. All image files are in the NIfTI (Neuroimaging Informatics Technology Initiative) format. Also, sequence name and acquisition time of each scan, as well as their names in each folder are stored in the file named 'ratxxx_info.json' in the JSON (JavaScript Object Notation) format. In the 'rfmri_intermediate' folder, despiked, coregistered, and motion-corrected images are provided, as well as motion parameters (in the files ended with '_motion.txt') and
averaged WM/CSF signal (in the files ended with '_WMCSF_timeseries.txt') from spatially smoothed image. Scans with less than 90% frames left after despiking were discarded.
Results from single-scan ICA cleaning and IC labels are placed in a folder ended with '.gift_ica'. Each image file in the 'rfmri_intermediate' and 'rfmri_processed' folders is accompanied with a JSON file containing the processing steps completed and parameters used. 
